Background. Knowing which factors contribute to county-level vulnerability to a human immunodeficiency virus (HIV)/hepatitis C virus (HCV) outbreak, and which counties are most vulnerable, guides public health and clinical interventions. We therefore examined the impact of locally available indicators related to the opioid epidemic on prior national models of HIV/HCV outbreak vulnerability.
Prescription opioid misuse and abuse have been at the center of a national epidemic of overdose deaths in recent years in the United States. Opioid prescribing rates, which peaked around 2010, have only declined slightly since then, and a national public health emergency has recently been declared by the federal government [1] [2] [3] . Since 2012, illicit drugs including heroin and fentanyl have become cheaper and often easier to obtain than prescription drugs and are particularly widespread in economically depressed communities with recently increasing mortality [4] . During this time, age-adjusted opioid-related mortality in the United States has skyrocketed from 3 per 100 000 in 2000 to >10.4 per 100 000 in 2015 [1] .
Tennessee has one of the highest rates of opioid prescribing in the United States [5, 6] and, even in the face of interventions such as closing "pill mills" and the establishment of a prescription drug monitoring program, the rate of overdose deaths among persons who inject drugs (PWID) has consistently increased. The progression from prescription opioids to the use of illicit drugs, particularly injectable heroin, is well documented, with approximately 75% of heroin users reporting that their initial drug use was through prescription [4] .
The use of both prescription and illicit opioids among PWID has important implications for the co-occurring epidemics of human immunodeficiency virus (HIV), hepatitis C virus (HCV), and neonatal abstinence [7] . With respect to HIV, 10% of new diagnoses in the United States occur in PWID [8] . In 2014, 765 Tennesseans were newly diagnosed with HIV, among whom 29 (3.8%) were exclusively PWID: 12 (1.5%) were men who have sex with men who were also PWID, and 7 (0.9%) were men or women with a PWID partner [9] . According to the most recent US Centers for Disease Control and Prevention (CDC) National Surveillance Data, Tennessee ranked fourth highest among US states for acute HCV case rates, about 63% higher than the national rate [10] . Tennessee, along with 3 other states in the central Appalachian region of the country, experienced a 364% increase in reported acute HCV among individuals aged ≤30 years between 2006 and 2012 [11] . Case rates were twice as high in nonurban compared with urban areas, and approximately 73% of individuals reported being past or present injection drug users [11] . Between 2003 and 2013, Tennessee experienced a 15-fold increase in the number of reported neonatal abstinence syndrome cases [12] .
The well-documented HIV outbreak in Scott County, Indiana, between 2014 and 2015 was ultimately demonstrated to have been caused by shared needles and injection paraphernalia associated with PWID using oxymorphone [13] . Of the 181 cases, 92% of individuals with HIV were HCV coinfected [13] . Over concern that this type of outbreak could recur, the CDC developed a vulnerability index to identify other counties at similar risk for a syndemic of drug overdose, HIV, and HCV. The index included predictive variables that tried to emulate Scott County's characteristics, including racial, socioeconomic, drug overdose, prescription opioid sales (measured as the morphine milligram equivalent [MME]), and buprenorphine prescribing potential characteristics. Among the 220 US counties identified by CDC as the most vulnerable, 41 were in Tennessee, primarily in rural communities [14] .
We therefore sought to better understand the vulnerability of Tennessee counties to an HIV/HCV outbreak similar to the one in Scott County, Indiana, by developing an expanded predictor variable list that included additional local data related to the opioid epidemic that are available to most state officials.
METHODS

Study Design
An ecologic study design was used. County-level indicators were collected from the 2010 US Census, Tennessee state-specific indicators from the CDC, and surveillance data from Tennessee Department of Health (TDH) programs (Table 1) . Data were collected for 2012 and 2013 to mirror the methodology used by Van Handel et al. [14] We retained all 15 variables from the CDC study and included 63 additional variables in the current analysis.
Setting
Tennessee's 95 counties comprised the study sample. Predictors were collected and analyses conducted at the county level.
Primary Outcome
County-level vulnerability to an HIV or HCV outbreak was indicated by the incidence of acute HCV from 2012 to 2013. HCV incidence was defined as newly diagnosed cases meeting a confirmed case definition for acute HCV, indicated by positive serology (HCV antibody and/or RNA nucleic acid amplification), indication of signs and symptoms for HCV, with jaundice and/or an elevated alanine aminotransferase level (>400 U/L).
Quantitative Variables
Seventy-eight county-level predictors were identified through author consensus as potentially predictive of high risk for HIV/ HCV transmission. Many indicators initially collected (Table 1) as counts were used to derive rates. Continuous variables with large ranges, such as the MME, were log-transformed or otherwise normalized to improve coefficient interpretability. Income and population measures were log-transformed, as rates were not appropriate in these 2 instances.
Given the sample size (n = 95) and large number of potential predictors (n = 78), we implemented dimension reduction techniques in sequential stages to cluster predictors into groups that reduced correlations and explained the most variance: (1) empirical review conducted by the authors; (2) principal components analysis; (3) factor analysis; and (4) correlation tests. Supplemental data contains additional information on dimension reduction steps. All dimension reduction and regression analysis in stages 2-4 were conducted using R software version 3.3.1 (www.r-project.org); factor analysis was done using the "psych" package. Each step in the dimension reduction process assessed the relatedness of the predictor variables to other predictors. A final list of minimally correlated indicators was generated and used to model the rate of acute HCV infections.
Empirical review included project team discussion of each item in Table 1 . Indicators that were similar, better explained by other measures, or had little variance between counties were removed. This discussion resulted in the removal of 23 of the 78 indicators. Three indicators (county name, county Federal Information Processing Standard [FIPS] code, and acute HCV rate) were excluded because they were identifiers or the outcome, leaving 52 predictors for dimension reduction.
Principal components analysis was used to remove correlated variables by clustering predictors [15] , yielding 8 components that explained 74% of the model's variance. This step resulted in the removal of 12 variables. Components were interpreted based on strength of correlation, either positive or negative.
Factor analysis was used to examine the underlying data structure for further data reduction [16] . A "very simple structure" test, which applied a goodness-of-fit test [17] , yielded 4 factors from the 40 remaining predictors. Using this 4-factor structure, 8 additional variables were removed.
The remaining 32 variables were assessed for statistically significant associations using a correlation matrix. Five additional predictors were significantly correlated with other variables and were removed, leaving a final set of 27 predictors. Figure 1 summarizes the dimension reduction process and sources of the variables included in the final regression analysis used to create composite risk scores. The 27 predictors that remained were used to model acute HCV infection rates as a proxy for vulnerability to an HIV/HCV outbreak.
The goal was to create a parsimonious model, retaining variables only at the P < .05 level. Multivariable Poisson regression Source: American Community Survey- Table ID B19301 11 Percentage living in poverty Poverty levels were defined by the Census Bureau, which uses a set of money income thresholds that vary by family size and composition to determine who is in poverty. If a family's total income is less than the family's threshold, then that family and every individual in it is considered in poverty. The number of persons in poverty was divided by the estimated total county population. 2012 and 2013 data were collected and averaged for each county to create the numerator.
19.30% 19.10% 5.75%-31.75%
Source: American Community Survey- Table ID B17003 12 Percentage of population that is non-Hispanic white
The number of persons who reported they were not Hispanic or Latino and were of white race alone divided by the estimated total county population. 2012 and 2013 data were collected and averaged for each county.
87.40% 91.20% 38.5%-98.6%
Source: American Community Survey- Table ID S2702 13 Percentage of the population that is unemployed
The number of civilian persons unemployed and actively seeking work divided by the estimated total civilian population aged ≥16 years. 2012 and 2013 data were collected and averaged for each county.
11.30% 11.30% 5.05%-19%
Source: American Community Survey-- Table ID S2702 14 NCHS rural-urban classification
Counties were categorized into 1 of 6 categories based on OMB's February 2013 delineation of metropolitan statistical areas and micropolitan statistical areas. The categories are (1) large central metro, (2) large fringe metro, (3) medium metro, (4) small metro, (5) micropolitan, and (6) The rate of nonfatal overdoses that resulted in a hospitalization or emergency department visit for heroin only, by county. 2012 and 2013 data were collected and averaged for each county to calculate the numerator for this measure. with county population as an offset [18] yielded 27 predictors that were included in the final model, 10 of which had a statistically significant effect. Stepwise insertion was performed, with the closest nonsignificant variable added to a regression model with predictors that were significant [13] . One predictor was added back in the final model using this stepwise approach.
Vulnerability Score and Ranking
The vulnerability score was developed using significant indicators to compute each county's index score [13] . Counties were then ranked from highest to lowest, where higher scores indicated increased vulnerability. To account for model uncertainty, we conducted simulations using random and weighted population distributions and regression coefficients from the analysis [13] . The weights used for the sample included the regression coefficient estimates and their respective standard errors to allow for variation in the sample calculations. A total of 10 000 samples were drawn and vulnerability ranking was calculated for each county. Observations were then aggregated and ranked, generating 90% confidence intervals [13] . Vulnerability ranking calculations and sample simulations were conducted using "proc surveyselect" in SAS version 9.4 software (SAS Institute, Cary, North Carolina).
RESULTS
Of 11 variables included in the final model, 2 were socioeconomic: (1) vehicle access (percentage of adults with a vehicle) The rate of acute hepatitis C infection cases per 100 000 residents, by county. 2012 and 2013 data were collected and averaged for each county to calculate the numerator for this measure. b MME is a conversion tool that was developed so that different opioid medications could be compared using a like measure. Opioid medications can now be compared against a single standard for comparison and risk evaluation. c MAT is the use of medications in combination with counseling for the treatment of substance abuse disorders. Prescription drugs indicated for MAT, namely buprenorphine, work as partial agonists. More information can be found at: https://www.samhsa.gov/medication-assisted-treatment/treatment/buprenorphine. and (2) per capita income (mean income per person aged ≥15 years). Eight variables were health outcome indicators: (1) premature death (count of accidental deaths in a county); (2) teen birth rate per 1000; (3) HIV prevalence rate per 100 000; (4) count of HIV cases involving PWID; (5) rate of gonorrhea and chlamydia (combined) per 100 000; (6) rate of death related to either heroin or opioids per 100 000; (7) admission to substance abuse treatment facilities for injectable substances, which we use as a proxy for the prevalence of PWID; and (8) percentage of adults reporting poor or fair health in the last 30 days. One variable measured opioid prescriptions in the county (rate of MME for prescription pain medications per 100 000). Three variables (rate of heroin/opioid death, premature deaths, and per capita income) were protective ( Table 2 ). The counties with highest vulnerability were found to be distributed across the state (Figure 2 ). In the most vulnerable quartile of counties (n = 24), 6 were in the west, 8 in the middle, and 10 in the eastern region of the state. Of 41 counties identified by CDC as at highest risk, 25 also appeared in the top 41 in our Tennessee-specific analysis [13] . Thus, 16 counties were not considered at high risk by CDC but were in our own analysis. Of 25 counties that were considered at high risk and among the top 41 in both analyses, there was considerable divergence in rank between the prior study and our own, sometimes substantially. For example, the highest-risk county in the Tennessee analysis was only ranked 41st in CDC's assessment. Figure 3 contains a map showing where the counties that were included in both analyses fall, as well as those that are Tennessee-specific (mostly in the western part of the state), and those unique to the CDC analysis (mainly in the eastern part of the state). The distribution of vulnerability reinforces earlier research indicating that eastern Tennessee is at particularly high risk, but also demonstrates clearly that the entire state has regions of high vulnerability.
Eleven of 16 counties that did not remain in the Tennessee model, but were among the 41 highest risk counties in the prior CDC analysis, ranked among the highest in rates of fatal overdose (any drug), nonfatal overdose (opioids only), highest prescription rates for buprenorphine, and numbers of neonatal abstinence cases. Six of the 16 displaced counties were within 10 places of the 41-county cutoff point that was chosen for comparison. When looking at risk scores generated in this study, which ranged from 12.4 (least vulnerable) to 21.1 (most vulnerable), the midpoint (16.7) captured 52 counties, which included the 6 counties from the CDC analysis mentioned above.
Counties identified in our study as having high composite vulnerability also tended to score highly on individual indicators associated with vulnerability, even if they were not retained in our model. For instance, 26 counties ranked in the top 41 with the highest rates of MME and unemployment; 24 of 41 ranked highly on the largest percentage of uninsured adults; and almost half (21/41) were among those with the highest rates of nonfatal overdoses. Only 7 vulnerable counties ranked highly on the per capita income measure. The most vulnerable county in our study, Lake County, had the lowest per capita income in Tennessee. With regard to treatment, 11 counties ranked in the top 41 for greatest number of mental health services and buprenorphine providers. Low per capita income and lack of community services for mental health and addiction treatment were coupled with high rates of MME prescribed for pain, high unemployment, and lower rates of being insured. A sensitivity analysis showed that the relatively high ranking of counties with large prisons was robust to the removal of individuals who were diagnosed while incarcerated, indicating that the rankings distribution was not biased by the presence of prisons.
DISCUSSION
This analysis contextualizes the recent 2-fold increase in opioid deaths and >350% increase in acute HCV among younger individuals, >70% of whom were PWID in Tennessee [10] .
Our ability to include granular data about the opioid epidemic, given the known interaction of opioids, HIV, and HCV as seen in Scott County, Indiana [12] , provides additional information that TDH can use for outbreak response planning, resource allocation, and public health practice. A key finding of our work is that more than a third of variables that significantly predicted risk of acute HCV infections, the indicator we used as a proxy for outbreaks similar to that of Scott County, Indiana [12] , were those associated with opioid use. They included MME rate for pain medicines, rate of deaths from heroin and opioids, prevalence of PWID, and number of HIV cases who were PWID. One finding, that rate of deaths from heroin and opioids and the number of premature deaths have a protective influence, did stand out. We hypothesize that death is a competing risk for HCV or HIV diagnosis, which may reduce the vulnerability ranking of counties with high mortality as higher-risk individuals are removed from the relevant "risk pool. " Two of the measures in our composite index score, the MME rate for analgesics, a measure that standardizes the amount of opioids prescribed in a community, and the rate of deaths related to heroin and opioids, come from the Controlled Substance Monitoring Database, which is Tennessee's mandatory prescription monitoring program. In practice, many state prescription monitoring programs are located within law enforcement rather than health departments, and it may be difficult for departments of health to access those data sources for analysis. The metrics used for this analysis are some that our state and many others routinely provide to CDC as part of our Prevention for States funding, and should therefore be available to many state officials. Methods for assessing MME-associated risk are evolving; consequently, investigators should engage in conversations with prescription drug overdose investigators about optimal ways to calculate and use those variables. This analysis highlights the benefits of using disparate and often siloed data systems beyond publicly available data to develop models that are optimal, descriptive, and available at the local level. In addition to US Census data, our vulnerability index contained protected data elements from 4 state agencies. To conduct this study, we collaborated with multiple government entities, including the Department of Health, the Department of Mental Health and Substance Abuse, the Prescription Drug Overdose Program, the Tennessee Bureau of Investigation, and the Vital Records section of TDH to ascertain which data elements were available, at which level (ie, person or county) and for which years. Our collaborative approach could therefore be adopted as a guide for other states to conduct their own vulnerability assessments.
Prior to this analysis, the burden of the 3 primary risks (HIV, HCV, and opioid use) was well known in eastern Tennessee; however, the combination of the 3 syndemic elements in this study highlights areas in the western corridor that were not previously a focus for programmatic intervention. With specific regard to opioid prescribing, state data show that not only do overdose deaths tend to cluster in the eastern corridor, but so do analgesic prescriptions. The vulnerable counties in western Tennessee identified in this study do not coincide with any of the counties that previously were identified with "county of concern" indicators using prescription opioid data alone, with the exception of the one indicator component that reflects high rates of outpatient visits for overdoses, including heroin. The integrated model therefore provides a more nuanced understanding of statewide risks.
This study did have limitations. We relied on 2012-2013 data to expand on the CDC's earlier research, which focused on this same date range [13] . Overdose deaths in Tennessee are known to be inconsistently captured and may therefore have been underascertained. We may have unmeasured confounders, measurement error (eg, admission to treatment for drugs commonly injected, though the best measure available, likely underestimates the burden of injection drug use in Tennessee), and over-/underfitting in the statistical model. There may be measurement error in our outcome due to variable acute HCV case reporting across counties in Tennessee. While acute HCV has been a reportable condition in Tennessee since the 1990s, during the study period, there was no formal, centralized surveillance system in place to review cases and verify case definition. This changed in recent years, with the establishment of the Viral Hepatitis Surveillance Program, but diagnoses prior to 2015 may be underreported. These limitations, however, do not undermine the importance of a more nuanced understanding of county-level vulnerability, which is a great strength of our study.
Two immediate next steps are recommended. First, more recent data should be examined to see if county-level risk remains consistent in Tennessee during an era in which the opioid and HCV epidemics are continuing to grow. Second, this information should be shared with local health departments around the state. Knowing the locations in which to expand screening activities, improve outreach and prevention efforts, conduct outbreak response exercises, and locate harm reduction services will be instrumental for public health planning.
While our results are likely generalizable only temporally within the state of Tennessee, our methodology is broadly applicable. The majority of data elements in Table 1 are publicly available while the remainder should be available to state officials and within the reach of health departments or other interested parties.
Prior research placed Tennessee among the top states for opioid prescribing, acute HCV infection, and greatest risk for an HIV/HCV outbreak [4, 10, 11, 13] . Given this confluence of disease risk, TDH expanded the prior HIV/HCV outbreak vulnerability study to include more granular, local data, including data on opioid prescribing. With data available on all counties, we were able to re-rank all 95 counties without using an artificial risk cut-point and, perhaps more importantly, explore the role of opioid prescribing patterns in increasing risk for poor health outcomes, including nonfatal and fatal overdoses. While the nature of the epidemic being investigated has changed in the ensuing years, and the generalizability of this analysis may be limited, our methodology is valid and informative, and it may be highly valuable to other public health practitioners.
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